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Soil heterogeneity at all scales from local pits
to the globe

GSOC map 1.5 (June 2019)

GLOBAL SOIL ORGANIC CARBON MAP (GSOCmap V 1.5. 0)
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What determine the soil heterogeneity?

Empirical studies

v’ suggest that many
processes and factors
can cause soil carbon

neterogeneity

v’ have not identified

Key mechanisms over

arge scales

Plant growth
Primary production and allocation
o S
Surface litter inputs Root inputs
Litter types (leaf, wood), Rhizodeposition, growth and
quality, and amount mortality across soil layers

CO, flux

 Stabilization M Decomposition

* Environmental variables (e.g., temperature, moisture, oxygen,
and pH across soil profile, space, and time)

* Litter quality (e.g., lignin, cellulose, nitrogen, and their ratios)

* Soil properties (e.g., aggregates, porosity, specific surface areas
of minerals, and mineralogy)

* Microbial attributes (e.g., biomass, taxa, community structure,
and phy5|olog|cal act|V|t|es and adjustments)

Luo et al. 2016



Models mostly

v’ use environmental
scales (e.g.,
temperature and
moisture) to account
for soil carbon
heterogeneity

v’ can not predict spatial
heterogeneity well

Modeled soil C density (kg C m2)
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Methods

Approach
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Data-driven modeling
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Model

Matrix equation of CLM4.5
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Data: >24,000 vertical profiles in US continent
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Data-driven modeling
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PRODA:
PROcess-guided machine learning and DAta-
driven modeling
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Observations i

Data products 9

Model with default !

parameters %
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Patterns of spatially
heterogeneous
parameters
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Conclusions

v’ Spatially heterogeneous mechanisms are required to
realistically predict states of soil carbon dynamics

v’ Big data offer new opportunities to discover such
mechanisms

v' We developed a novel approach — combined
PROcess-guided machine learning and Data-driven
modeling (PRODA) — to uncover spatially
heterogeneous mechanisms underlying soil carbon
sequestration
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The 3" Training Courses on
New Advances in Land Carbon Cycle Modeling

Virtual, 20-31 July 2020
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New theory on land carbon storage
dynamics

Matrix approach to land carbon,
nitrogen, and phosphorus modeling
Data assimilation system with both flux-
and pool-based observations

Deep learning and machine learning to
enhance process-based research
Ecological forecasting




